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What | will talk about:

- Vision for Science at Scale
- What is Cubed?

- Xarray integration

- Initial results

- Pros and Cons

- Next steps
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Vision for Science at Scale (Tom’s ‘ list “)

- My perfect parallel executor...

HPC / Cloud Compute
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Vision for Science at Scale (Tom'’s ‘ list “) -
(1)

Expressive
- Scale without rewriting

Perfect weak horizontal scaling
- (1000x problem in 1x time with 1000x CPUs)

Predictable (no nasty RAM surprises)

Forget about the Cluster



Vision for Science at Scale (Tom'’s A list “) - (2)

Robust to small failures

Resumable

Fully open
- Not locked in to any one service, platform, or
knowledge base
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What is Cubed?

- ldea: All array operations take Zarr -> Zarr

Zarr 1 Zarr 2 Zarr 3

Op 1 Op 2




@ PANG=O0

- Many simple array operations are “blockwise”

elemwise (add)
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- But some require a “rechunk”

Source Intermediate Target
single read single write

|||||||

(diagram from pangeo-data/rechunker package)
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- Some operations require both “blockwise” and “rechunk”

reduction (sum)

\.
/>

blockwise blockwise blockwise
rechunk )
func combine aggregate



@ PANG=O

- Turns out blockwise + rechunk cover all numpy-like array

add negative outer matmul __getitem concat reshape squeeze argmax sum all
map_direct arg_reduction
elemwise map_blocks reduction

y

blockwise rechunk
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- Chain operations into a high-level “Plan”
- Represented at array-level, not chunk-level

array-001 array-002
asarray asarray

N/

array-004
add (bw)

num tasks: 4
max projected memory: 100.0 MB
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Bounded-memory operations
- Blockwise processes one chunk at a time

- Rechunk can be constant memory if intermediate Zarr store
- (see pangeo Rechunker package)
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Bounded-memory operations

- Can therefore predict memory usage before launching!

Memory

allowed mem  |[= = = = = = = e e e

projected_mem = = e e = = =

peak_measured mem

actual usage

reserved mem

Time

Task container lifespan
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Serverless execution

Every op is (a series of) embarrassingly parallel
tasks

Just launch them all simultaneously

|deal fit for ;- Serverless , cloud services
- e.g. AWS Lambda, Google Cloud Functions

(Means no Cluster to manage!)
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Range of Executors

- Abstract over cloud vendors

S LITHOPS

——
S5 oaws A O

D :
N §) Coiled @ /0eche
IBMCloud ™S’ Microsoft Azure Google Cloud (7 rocomn eam

Cloud Functions ~ AWS Lambda Functions Cloud Functions  Modal Stubs Coiled Functions beam.Map
Code Engine AWS Batch ~ Container APPs Cloud Run Dataflow
VPC Gen2 AWS EC2

Cloud Object Storage = AWS S3 Blob Storage Cloud Storage
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Overall design

- Bounded-Memory Serverless Array Processing

Array API ones add sum matmul . Kl?: NumPy
Invented
Core ops map blocks reduction by
Primitive ops blockwise rechunk r’ daSk
. . ) L7
Runtime Python Lithops Modal - | EOSLITHOPS
Storage Zarr i zarr
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Initial results

- Tested on “quadratic
means” problem 2 o =
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Initial results

2.00 T MW actual usage
- Memory usage controlled | = alowed
g . —— peak measured
‘5‘ 1.50 4 —— projected
- Overall slower than dask + £ ,,;.
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Xarray Integration
- Xarray has been generalized to wrap any chunked array type
- Install cubed & cubed-xarray

- Then specify the allowed memory
- (And the location for intermediate Zarr stores)

from cubed import Spec

spec = Spec(work_dir="tmp', allowed_mem='1GB")



@ PANG=0

Xarray Integration

- Now you can directly open from disk as cubed.Array objects

ds = open_dataset(
‘data.zarr’,
chunked_array_type="cubed’,
from_array_kwargs={'spec': spec})

chunks={},
) Array Chunk [I 1
Bytes 141 GiB 144.58 MiB 100 5
Shape (100, 1,987, 1920) (10, 1, 987, 1920) o
Count 4 arrays in Plan 10 Chunks 4 1920

Type float64 np.ndarray
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Xarray Integration

- Now just .compute, with your chosen serverless Executor!

from cubed.runtime.executors.lithops import LithopsDagExecutor

ds.compute(executor=LithopsDagExecutor())
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Xarray Integration

- Xarray now wraps Cubed OR Dask OR [new things??]

Tabular i _
data: =xeoutes via TSR ?SQthe
Array _FE A.Pr

data: . —|</|_LE.=" 77




Vision for Science at Scale (Tom’s t list “)
- Expressive
- Horizontal scaling
- No Cluster
- Predictable RAM usage
- Retry failures

- Resumable
- Fully open
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Disadvantages

- 1/O to Zarr is slow compared to ideal dask case of staying in
RAM

- Serverless more expensive per CPU-hour

- Only array operations
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Next steps
- We want your use cases to test on!
- Optimizations
- Other array types (JAX?)
- Other storage layers (Google-TensorStore?)

- Zarr v3+ new features
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Read the blog post! xarray.dev/blog/cubed-xarray

- Join the discussion!

6 PANG=O

New Working Group for Distributed Array Computing

Bl News & Announcements

Thanks to Tom White
for writing Cubed!



https://xarray.dev/blog/cubed-xarray

